| DOCUMENT RESUME
ED 257 872 o - T™ 850 339

AUTHOR - Muraki, Eiji; Engelhard, George, Jr. :
TITLE Affective Outcomes of Schoolings Full-Information
o ‘Item Factor Analysis of a Student Questionnaire.
. PUB DATE Apr 85 |
NOTE 35p.; Paper preseunted at the Annual Nootin? of the
Qnorican Educational Ressarch Association (69th,
N Chicago, 1L, March 31-April 4, 1985). ‘
PUB TYPE Speeches/Conference Papers (150) -- Reports -
: o Research/Technical (143) -- Statistical Data (110)
L o | ‘
EDRS PRICE MF01/PC02 Plus Postage. |
DESCRIPTORS Elementary Education; *Estimation (Mathematics);

*Factor Analysis; *Item Analysis; *Latent Trait

- Theory; Mathematical Models; Outcomes of Education;
. , Psychometrics; Statistical Studies; Test

: . Construction; Test Validity

ABSTRACT | S :
_ | Recent developments in dichotomous factor analysis
based on multidimensional item response models (Bock and Aitkin,
1981; Muthen, 1978) provide an effective method for exploring the
dimensionality of questionnaire items. Implemented in the TESTFACT
- program, this "full information" item factor analysis accounts not .
only for the pairwise joint frequencies of. correct/incorrect '
responses, but also for additional information in higher order joint
frequencies in the sample of dichotomously scored items. This paper
illustrates this method's utility by analyzing a guostionnairl on
affective outcomes of schooling using the expected a posteriori (EAP)
method of estimating ability scores. The 40 item questionnaire with
. four subscales (Punctuality, Honesty, Cooperation, and Curiosity) was
. developed to measure a set of potential outcomes of schooling's
‘"latent curriculum", A stepwise full-information item factor analysis
was performed on data from 700 elementary school students which
identified—three—factors: interpersonal relations, active |
. participation, and studious attitude. The advantages of using EAP
scores over ‘the use of rawv scores to simplify the. interpretation of
‘multivariate analysis of variance where there are fever concepts to
discuss are illustrated. The full information factor analysis is
gtrongly recommended for construct validation in the initial
?to§aration stage of item construction for psychological measuremnt.
.(BS . ' L

-~

/

* Reproductions supplied by EDRS are the best that jcan be made *

* from the original document. ' - *
*****************************************************f*****************

***********************‘*****************************7%****************

©




235

e

N

ED257872

AFFECTIVE OUTCOMES OF SCHOOLING: FULL-INFORMATION
ITEM FACTOR ANALYSIS OF A STUDENT QUESTIONNAIRE

@

“PERMISSION TO REPRODUCE THIS

MATERIAL HAS BEEN GRANTED BY"

. € ngpl el Jr

. TO'THE EDUCATIONAL RESOURCES .

Eiji Muraki | .' INFORMATION CENTER (ERIC)."
National Opinibn Research Center at
| The University'of Chicago
and
George Engelhérd, Jr,
Chicago State University

U.8. DEPARTMENT OF EDUCATION
NATIONAL INSTITUTE OF EDUCATION
EDUCATIONAL RESOURCES INFORMATION

CENTER (ERIC) -

D\ This document has been reptoduced a3
receved from the petson of ofqanlzallon
onginating it
- Minor changes have been made to imptove
vopvoduchon uuamy

" o Pomls ol view of opm:ons stated in 'h;s docu
maent do not nacassarily represent official NIE

— . position or pdlicy.

‘/" . lhh\
/ .

—.

,Paper prepared for presentation at the American Educational

/Research Association Meeting in Chicago, April 1985,

/




/dli - ItemlFactor Analysis
/ , 9

Recent developments in dichotomous factor analysis based on
multidimensional item response models (Bock and Aitkin, 1981-
Muthen, 1978) provide an effective method for exploring the

dimensionality of questionnaire items. The purpose of this paper

is to 111ustrate the utility of this method for item factor . .
_analysis in three sets of data, The first two sets are ./~5
simulated, and the third set is an analysis of a questionnaire 4
'Von affective outcomes of schooling (Engelhard, 1985). |

!

Deqcription of the Item Factor Analxsis Model

In adapting Thurstone's multiple factor model to °
dichotomous data, Bock and Aiudm (1981) consider the response
process, y 19" of subject i and item J to be a linear‘combination
of m normally distributed latent variables,let weighted by the.

factor loadings o ! that is,

f”yij 1% F gl * e o # *fuug +f0163 | Cl

For a randomly sampled subject, it is assumed that 8, Y and &

are multivariate normal:

8 ~N(0,1) 4 . - o | (2)
8§ ~N(@,Dy) : - )
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Assumptions (2) and (3) imply that the’ diagonal elements of D

"in (4), denoted as 012 , are

J | .k??Jk L . S - )

The classical factor analysis model for continous variables
- assumes - that the response process is directly observable. In
rcontrast to this model, the factor analysis model for

-

categorica; ‘variables assumes that the response process yij is -

latent and realiaed only as a vector of dichotomous reSponse

variables. X, = (il’iz’ ces xig according to the following
psychological mechanism:-. |

Lifygy 2 vy
'xij 0 if y <y o
5 B B

where Y, is a threshold-parameter associated with item j,

Therefore, the probability of a positive response by subject i

B3

to item J. given the subject's m~dimensiona1 latent ability, ©

i3 | _ | .!' | . _ ) | ' v
L P(x 1 =] | 8,)
o B o, »
1 Cp 1, Yyy TR B | N
- mj—-{ ~exp [_ ‘f : cj—lg ) ]'dyij / ©
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Introducing the change'in the variable,

t = ( yij - zajkeki )/UJ ,

we.heve

dyij.‘ cjdg

and, when

KR TS YRILAE

the ‘model (6) can then be rewritten with slope parameters ajk

and location parameters ¢, as follows.

: P(x J-]- ' -i) )
- [ | . $(t) dt
-( zajkeki + ¢ )
° (9) (7
where
4k T Yyl o ®)
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and

¢y = - %rj/cj ' | B / T | | S

B Fron (5), (8) and 9), ve ootain ‘the following formulas to ‘

convert the slope and 1 cation estimates to factor loadings and

' threahold values' ; ” v
T Al - a0 ¥
and 5%
| ;
S ik
Y .. - C /d \ ’ - '1
3 1'% . (11) | 2
wnere 5
i (1 + zajk ) : : . ‘;
' (12) i
PR
A 8uessing or lower asymptote parameter 84 can also be o
incorporated in model (7) as- follows:
¢, (8,) = - |
] (_i) 8y + (1 gj) °j(91) (13) <

The iterativa procedure developed by Bock "and Aitkin (1981) -
for obtaining the parameters in the multidimensional item

response model (7) is based on marginal maximum likelihood

,estination,'and the EM algorithm of Dempster, Laird and Rubin

(1977). Since this approach to item factor analysis accounts not

+

only for the pairwise joint frequencies of correct/incorrect

6
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'.responses;ibut also for'additional information in higher order
joint frequencies in the sample of dichtomously scored items, it
is called "full~information" item factor analysis,

This method is implemented in the TESTFACT program of
IWilson, Wood and Gibbonsa (1984). At each step of the ~analysis,
the solution from a principal factor analysismfor the current
.number of‘factors‘provides initial estimates of the parameters.
After the final estimation cycle is completed, estimated values
are listed in the form of factor loadings and thresholds. es |
well as a set of 8lope and intcercept parameter estimates. The
TESTFACT program provides the option for conducting a stepwise
' analysis. The chi-square fit statistics for each solution and
the reduction from the previous solution provide a large sample‘
test of significance of factors added to the model The factor
'loadinss from the fulls information solution are rotated
..orthogonally to the varimax criterion and then obliquely to the
promax criterion, at the option of the user, Because the
computation of the £u11-in£ormation factor solution increases
enponentially in the‘number of factOrs; the present version of

the TESTFACT program is limited to a maximum of five factors,

The Expected A Posteriori Estimator |
| Bock and Aitkin (1981)Apresent three methods of estimating
ability scores; the maximum likelihood estimator (MLE), the

maximum a posteriori (MAP) estimator, and the expected a
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pbsteriori (EAP) estimatpr. We discusslbeloy_some.reasons for
preferring the EAP estimator, The EAP_estimator for a response
pattern is given by

By E(eik | 51)

Xy X |
| fe 8@, rr o Y@ [ 1o, (e)] T
- | (14)

n

*13 - 1=xys
Jgst) VIR EENOY @ .

In thevTESTFACT program, (1l4) is evaluated numerically'by m-fold

Gauss~Hermite product quadrature using the nodes and.weights for -

‘one-dimensional quadrature (Stroud and Sechrest, 1966).

- The EAP estimator\is known to be biased when the number of
items is finite. However, unlike the MLE, the EAP scores can be
computed for respogee'patterns with-all correct and -all’
ineorrect,responsps; Furthermore, fhe EAP estimators can be used
with a discrete prior in-place of g(8), which is not'possibie
for the MAP estimator. In order to illustrate the adrantage of
the EAP scores, we have conducted two simulation studdee.

For the first study, we generated 200 pairs of. _x ;
independently and identically distributed random variables, 8 o~
N(O,I). The two dimensional item parameter estimates o% the Auto
and Shop Information Test in tﬁevASVABiobtained by Mislevy and
Bock (1984) were used to gederate the simulated dichotombus item

responses to 25 items., Assuming the guessing parameter toibe

constant, we recalibrated the item statistics for the normal

P
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ogive item response'model (13). The two dimensional varimax
factor loadinga\were computedefrom theae item parameter
estimates, The EAP scores in the two dimenaional continuum,
whichvare.denoted 31 and 0, , were computed from ‘the item
parameter estimates after the varimax rotation. Twenty |
Gauss-Hermite quadrature points and weights in each dimension
were used for the numericaa integration.
ﬂultivar!&te multiple regression analysis of the'generated
random variablese on the EAP estimates § was performed. No
‘significant cubic term was detected. The regression function is

[91] [o.om] -[0.954 ~0.029 4 (819 (g
= T o ] } I + ( I

~
T1 +e:1
d

A
T2 + €2

The actual valuea of the EAP scores depend upon the particular
‘choice of rotation. Nevertheless, the major and minor diagonal
of the regreasion coefficient matrix became close to 1 or'O
respectively. In other words, the EAP scores based on the
varimax solution are essentially uncorrelated. This,ia not true
of other methoda ofpcomputing factorZSCOresv(Hanmm, 19762.
Plots of 6's and t'sin the first and second dimensions are
presented in Figures 1 and 2 respectively, There are noticeable

ceiling effects in Figure 1. Since each EAP score is computed
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based on its corresponding reaponse pattern. the ceiling effect-
or floor effect in the EAP estimates is expected to vanish if
«additional items are added to a test or extremely difficult or
easy. items are removed from a certain length test. The
coefficients of multiple determination. R2. are 0 4513 in
Figure 1. and 0,6054 in Figure 2, When the same si ulation
procedure deecribed above was repeated with 500 cé ses. the R2
dropped to 0.4147 and 0.5660 respectively, This m y be 1arge1y
due to the poor convergence of item parameter est,mation yith
relatively small sample size.-Small sample size becomes
problematic in computing the EAP_scores only w en the item
parameters must . be estimated from the same observed responses.
“Othervise, increasing the length of the tedt 1eads to more

reliable EAP scores.

For the second simulation study, we split a set of 30
unidimensional item estimates of the ASVAB Arithmetic test
(Mislevy and Bock. 1984) into 15 odd-number items and 15
even-number items. The 1000 dichotomous item response vectors
for each set of 30 items were generated ~based on the guessing
model and the same underlying unidimensional ability
‘distribution, This experiment closely simulates the situation

in which the same group of students takes two parallel forms of

10
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8 test in a certain time interval., The MLE and the EAP
estimates were computed from these seta of even-number and

odd-number items, and they are plotted in Figure 3 and 4

-

respectively.

Since guessing effects are included in the item response
zmodel. the reiling effects appear in both plots, In addition to
the ceiling effects. the plot of the MLE shows that the ability

‘scores are more dispersed at the lower end of the continuum.
This is because wve cannot obtain the Mbg\for extreme scores,

The unreliablity of the MLE scores at thelower and higher ends
of the ability scale may be accentuated when the length of a
test is not very long or highly heterogenous guessing effects
are found, The comparison between the MLE and the EAP estimates
reveals, therefore, that the EAP estimates are a more reliable
measure than the MLE. This nature of the EAP scores is
important since parallel forms are frequently required in

educational testing.

The Fullminformation Item Factor

Analysis of the School Affect Data

The affective outcomes of schooling questionnaire that is

analyzed in this section was developed in order.to measure a set

11
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of potential'outcomeo of schooliogvthat might be considered part
of the "latent currioulum". There are 40 items in this
questionnaire, and these items were classified into four
subscales with 10 items per scale. The ap-cific subscales were
Punctuolity. Honesty, Cooperation and Curiosity. The items are
given in Table 1, The students were asked to reapond with a no .
1f the item did not represent.tbeir feelings or gtoitudes, and
with ‘a yes if the item did reflect their feelings. There weéé

700 elementary school students in the sample that was analyzed.

INSERT TABLE 1 HERE -

.A stepwisge lel-information'item focto; analysis was
performed specifying a four factor solution for tﬁe School. )
Affect Data."The chiigquare fit statistics.ofﬁeach solutioa and
their differeocos are presented in Table 2. Although the ;,
reduction'of tho chi-square fitcstatisticg seems to suggest thot
a model with more than four dimensions may provide a better fit
to the data, a careful examination of the fourthﬂfactorlloadings
revealed that these loadings were minor and no interpretoole or
distinctive factor pattern wos found, Therefore. ve haye cposen

the three factor solution a: an appropriate model to describe

" the behaviour of the School Affect Data. The three dimensional

12
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varimex factor loadings are preaenteqwin,TabIé”S.

The fuctor patterns in Table 3 shows that the first factor
loadings are generally high on most of thg’Honedty and ‘
Cooperation items. The following itemu'have-noticgably high. f/’/////’7

factor loadings on the first dimension:

l. I know when I am being honest and dishonest.
2. I understand that being honest is important.' | | .

10, It is important to be honest with strangers,
my friends and my family,

17, I believe that .working with other students
is more important than competing with them.

20. I can tell when it is better.to»work together
vith otner students than to compete with them,

We call the first factor characterized by the above'items,.
intergersonal relations. It seems to reptesent.the interactions
between students withig,the'classrdbﬁ.

High factor loadings‘are found on the second factor for the

following items:

25, I try to find out all I can about the
subjects that the teacher talks about in class,
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———~26-T-aw always asking qu2stions and trying ' oy

R e to find oFt more about my classwork. ' P
e | | o
27. Being cuﬁious about my classwork is important to me. Es

. ' *

28. I enjoy #ooking for and trying out new g . ,#

' ideas an projects. , . _ | 3%

- 30.. 1 have a: need to know as much as poasible
about myself and my world,

39. Being on time for‘class is very:important to me,

T ' The itema with high loadinga on this factor come primarily

from the Curiosity scale.- These iteme seem to represent'

students*’ifgfzzi:/;oward school learning., Wg therefore call’ _%E
‘ - oy

the second factoﬁ. active participation. ' : , S
E

Finally, thJ third factor has loadings tlat are
distinctively high on the following items- |

i
1
i

e

37. 'f‘finiéh my classroom assignments wvhen they are due,
38. I turn mn my homework on time.

40, I finish my classwork on time, even when .
the teacher is not around. | -

6. I keep my eyes on my own -work in the classroonm,

The items with high loadings on this factor come primarily froﬁ
the Punctuality scale. Like the second factor, the third factor
seens to indicate students' diligence in school work. However.
£his third factor represents a more passive attitude toward

school iearning than the active participation factor, since all

_the itemé abovefillustréte students' behavior in relation to




 learning, In addition’, the negative wording of this scatement
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assigned tasks. For this reason, we tallithié factor, studious

attitude., :

The full-information item factor analysis provides an
objective basis tor'clarifying the diatinttgon between what the

item writer intends to meagure and what the items actually

 appear to measure.' At the stage of test item cdnatruction,'the

full-information ftctor'analysis providet a powerful method for

researchers to examine the construvct validity'of each item,: For

example, item 13, "1 do not compete with other students fur good

grades" has low factor loadings on all three dimenaions. Less.

that half of reepondents endorsed this item'. This item also has

i low biserial and point- biaerial coefficienta, 0.132 and 0, 104

respectively. In fact, the statement of this item is not

universally conaidared as the positive attitude of school -

!

may have confused subjects' responses, In this way, the’

full-information factor analysis is quite sensitive to

-

ill-behaved items,

béspitg a small lack’ot accordance on a few items which are
discussed later in this paper, as a whqle, the agreement betwee..
the predefined four scalts and the three major factors is
relatively high, The Honesty and Cooperation items define an
interpersoniiﬂiélations factor. the Curiosity items define an
active participation factor. and the Punctuality items define a

studious attitude factor. As shown in Table 4, ‘the correlation

|
|



Ttem Factor Aﬁalysis

15
coefficients between the total"acpfés_of the four original
'scales (the raw's;ore scales), and th§ EA’ scores for thrée
dimensiana confiri this overall agreement, The raw score scales .
are simply ﬁhe aumm;tion'of'the O or 1 dichotomous :espohses | .‘ﬁ
__over the 1temalin a specific scale, such as the items ' ]
\édﬁfésenting Honeaty..Cocge:ation, Curioaity aﬁd Punctuality, On :' '@
the other haﬂd. the EAP scores correﬁponding'to each dimension
were computed based on the itbm'reaponse'qodel with'egtimated i
'slope and‘sqgldﬁbhfaﬁ;tgrs} after the,varimax'rotétion. o ', §
INSERT TABLE 4 HERE R o
Traditional:d%téiahalygis usually deals with the total

score of pre-established ﬂsychologica1 scé1és. The utilization . f
of the EAP scores, however has advantages over raw scores for

‘the following reasons:

1. The EAP scores are computed based on all the information
available in the subjects response patterns, Therefore, the EAP
scores are more continous than the raw score scales, This high
continuity enhances the power of the statistical tests. The

continuity of EAP scores can be further increased by additional
items and dimensions. _ '

2, The EAP scores reflect the significant contribution of
each item of whole test to a specific dimension or factor. On
the other hand, each of the raw score scales reflect only a
portion of the items in the whole test, Therefore, the raw score
scales are subject to the potential misclassification of items
from the pre-established scales. For example, ‘item 6 states "I
keep my eyes on my work in the classroom”, and is classified as
an item in the Honesty scale. However, this, item has a low

16
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factor loading on the interpersonali relations factor and a
‘rather high factor loading on the studious attitude factor. . .
Considering this item as equal to the other itemqlin/the Honesty -
' S:al: may distort the conclusions drawn from further an.lyses of
the ata, ‘ ' ' / .

/

3..As shown in Teble 4, the cirrelation coefficients among
the EAP scores are quite small compared to the corrﬁlation
coefficients among raw score scales. The orthogonality of the
EAP scores over the multidimensional .space indicates that the
scores represent distinctive characteristics of the subjects.

4, Detecﬁins items with,poor Epnsﬁfuct validity becomes . -
considerably easier when we use full-information factor '

analysis. Even though those items ‘are included in the further

analyses, the result is less affected if the EAP sﬁores are
- used, I ’ : .

5. The raw score scales are not computable evin if one of
the responses to the items in a'scale is missing. lowever, the
EAP scores can be computed regardless of missing responses.
Actually, as shown in Table 5, the raw scores of 50 subjects
were excluded from the further data analysis because of their
missing responses. L ! o ‘

--------- G G e T G W G G G - - .. },
) . J .
INSERT TABLE 5 HERE | .

. - ‘ |

|

- - - - o - o - - - - LX YN Y S gy

of Raw Scores and EAP Scores |
In order to illustrate some of the advantage Bf the EAP

Discussion of Multiﬁariate Analysis . : .“
l
|

scores over the use of raw scores, a‘multivariatgfanalysis of
variance was condﬁcted using each type of score. j
- Two major factors were'inclqded 1& the analy%is;'The first
factor is gra@évlevel, and the sécond factor is tﬁe sex of the
student., The grade level gives 'an indication of tpe effect of

quantity of schooling on the affective outcomes of schooling.

17 o
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The sex of tue student.vaa'inciuded because thete has been_

evidence that girls and boys may be learning different lessons

in school.

The cell and marginal frequencies for the sample based on

the results of the raw scores are given in Tabie 5. The observed

cell'and'marginal means are given in Table 6. The cell and
marginal ftequencieé for the EAP scores are gi#en in Table 7,
given in Table 8, The semple size for the raw scores is 650-
because 50 of the'students hed missing responses to one or more
items, while the sample site fot the EAP scores is 700. .

‘ .

. INSERT TABLES 6, 7 AND 8 HERE

Table 9 provides a summary of the univariate and
multivariate anelysis of variance for the raw scores. There ate
no significant interactions between grade and sex for the four
dependent variables. Grade level has a significant effect on
Cooperation and Curiosity, but not on Honesty or Punctuality.
Overall, there appears to be an increase in the students
reported levels of Cooperation, and a decrease in their

Curiosity during elementary school, The sex of the student has a

significant effect on Honesty, Cooperetion and Punctuality ‘The



'variance for the EAP ecoree are summarized in Table 10. The

‘'that the students show a increase on the intef,ereonal felatione
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girls have higher means on all of ‘the scales, Although there are

no significant interectione between grade level and sex, an

examination of the cell meane suggest that there may be slight '

differenzes iu the patterns across grades for girls and boys on

the cooperation scale (p<.0869) The boye show a clear decline

'fron grades 3 to 7., The girls appear to become lesa cooperative

f'on grade 3 to grede S, and then to report that rhey become

more cooperative from gra e : to grade 7 It would be

The resulte for the univariate and multivariate an sis of

are no significant interactions for the grade level or sex

effect for the . EAP scores. Grade level hae a signifant effect on

the inter ereonel reletione

actor and.on the active

participation factor, but not on thé studious attitude factor.

An exaninatién of.the.marginal means by grade ievelﬁindicates

factor, and a decrease on the gctive

artici'ation,factor. Sex
has a significant effect on all three factora, and the girls

have higher levels on each,

s
]
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_ INSERT TABLE 10 HERE
In comparins the results of the analyses based on the EAP v‘.“"“f
scores and the rav acorau. rhere appears to be a reasonable
~ amount of agresment. The similarities between the two analyses ] E
is related to the amount of agreement between the a priori ' "_is g

classification of the 1tems into the four scales, and the

_results of the full 1nformat1qn jtem factor analysis. o
It 1s also of 1nterest to note that the . p-valuas ate ;
| smaller for the analyses uﬂiﬁg the EAP scores which indicates

that the statistical tests are more sensitive with the EAP

scores. This is relatéd to the increase in the information that

is availabe by using all the data\available 13 thelresponae

patterns which is not used when raw Scores are analyzed. | |
In summary, the 1nterpretation of the multivariate analysis - .”#;

'is 'simplified with the EAP scorss where thers are fewer concepts

to discuss.;The-OrthogonaIity,of the EAP scales also facilitates

the 1nterpretation of.the results.wsince'they represent a better‘

index of the constructs. The EAP scores better reflect what the

test items actually measure. and they are sensitive to test item

behaviors. Therefore, the cqnstructlvalidation of the

psychological measurement based on the full-informatlonyitem

1
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factor analysis is strqngiy-recomnended in the initial item

preparation‘stage. :
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Table 1 4
Affective Outcomes of Schooling Items

- e

-Honeety — Cooperation
1 I know when I am being . 11 I know that in some things
honest and dishonest. working with other students
4 N _ ‘ can be better thnn working
' : alone,
2 I understand that being 12 I know when to cooperate and
honest is important. ' when to compete with my

classmates.

301 know that cheating . 13 I do not cempete with other L
~ on classwork is wrong. students for good grades. ‘ -
4 I do not copy answers 14 1 help other students who

from other students. t do not understand their
S classwork."

5 I tell the truth when 15 I work with my friends on ~
questioned by the teacher. -~ my homework.

6 VI keep my eyes on my own 16 I get along with other
work in the classroom.  students when we are working
together in a group.

7. Being honest is very """ 17 I believe that working with

‘importent to me. other stude~ts is more - |
' - important tian competing
with thenm',
8 I am honest in the 18 I enjoy working on projects o
classroom, even when with other students. S

" the teacher is not around.

9 Being honest can lead to 19 'I believe that if my class-
., good and bad things- mates and I work together
, that most of us could get
good grades.

10 It is important to me to f 20 I can tell when'it is better

be honest with strangers, to work together with other
my friends and my family. students than to compete
. /," : With themo

Note. The students respondEd with a no or yes to each item.




Table 1 (Cont )
Affective Outcomes of Schooling Items

Curiosity

Punctualify

21 I know that learning | 31

about new things is
- important,

22 My classroom offers me 32
a wide variety of things
to do and learn,

23 I know how to find out 33

about anything ‘I may
want to know.
24 1 ask questions whéan 34
{" -do not understand wh&t  my
teacher is doing. ;

25 I try to find out all I 35

can about the subjects
that the teacher talks
about in class.

26 I am always asking =~ - 36

questions end trying to
find out more about
my classwork. .

27 Being curious about my 37
- classwork is important
to me.

28 I enjoy looking for and: - 38

trying out new ideas
and projects.

29 I get excited about the ~ 39

topics discussed in my
classroom,

30 I have a need to know as 40
much as possible about
myself and my world.

I know that I am expscted
to come to vlass on time.,

-

I understand why being on

time for class is important,

I know that my classwork is .
due at a certain time.

I am,in my seat when the
bell rings in the morning. .

I try to come to class
on time. :

S e ‘ ¢ \

I am ready to b&gin class
when the bell rings

in the morning.

I finish my classroom
assignments when they
‘are due.

I turn in my homework
onltime.

Being on time for class
is very important to me.

I finish my classwork on
time, even when the
teacher is not around,

Note. The students responded with

26

a no or yes to each item.
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Table 2
Reduction in Chi-Square Fit Statistics

Adding Factor Reduction in Degrees
: Chi-Square - of : .
g ' Freedom . ~';”
B Second factor . . 349,06 39 . - "%M'X/%
B Third factor | 259,25 38 | 5
f "Fourth factor 171,35 37 . | | %
; | 1§
i
' - ¥
3
-}
\
:
\
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: Table 3
Varimax ?actor Loadings for the Three Factor ‘Solution .
. S
. / ./// A B I
Scale - Item Threshold »
™
Honeety ‘ 1 "1.56" 0595 -0011l 0078 K
- 2 1,643 .500 253 160 SRR,
6 -0967 0131 0241 0502 , ' * .":'
7 -1,432 412 371 343 ¢ o
~ 9  -1,164 %a-.zag -.051 097 - ¥
10 -.860 .51 .06 .269 E
_Cooperation _ 11 -.757 454 .024 .020 e
IR 12 -1.113 .348 .252 .134 o
13 .238 +095 -.212 169 o
14 -.848 .303 .152 V254 o
15 .197 208  -,006  -,084 “f
16 -1.113 431 -.009 .152 2
17 -.80L 541 .032 .116 B
18 -.988 . 249 :356- .060 '@
19 -.660 .267 '164 .109 4,‘1"
20 - -1,088 .487 .219 .279 '3
Curiosity 21 -1.815 .219 321 .357 E
: 22 -.591 146 10340 JA72 o .
23 -.519 .069 "¢258 094 r .
_ — _ Z_I_L B ) 945 - o_OZI — 0._4.2.4 . 0052 o Y 2:
25 =-.633 -.101 - «703 - .100 .- B
26 ."'o 181 -.'116 0612 - .018
27 -0846 .136 . 0541 .125 ‘
28 "0954 0163 0580 0097 ‘ :
30 -1.,225 «1357 «519 .217 i
Punctuality 31 -2,062 «262 «225 «292
. 32 -1.267 . 271 497 . «252
33 -1,473 425 «220 .231
'}I‘ “'0525 .320 .158 385
35 -10791 .272 0372 : .203
36 -, 824. «196 401 .431'
37 ~.731 .015 .015 .838
38 . =.906 .208 .105 .802
39 " =1.,065 «256 .509 .399
40 "0448 "".002 0061 855




. . Table 4 SR
Correlatione of Raw Score Scales and the EAP Scores

(Sample sizes in parentheses)

| HO €0 CU PU . EAP  EAP  EAP,
'61 'éz 53 "‘1“
Honesty 1.000 .
(687) |
‘Cooperation ,331 1,000
. (670)  (678)
T (667). 0 (660)  (672)
Punctuality ,455  ,254  .324 1,000
(681) (672) (667) '(688)
EAP B, 617  ,751  ,098  ,306 1,000 |
(687)._ (678) (672) (688) (700) .
EAP B8, .302  ,196  ,910  .353 .161 1.000
- (687)  (678) (672) (688) (700) (700)
EAP 8 470 . ,148  ,152 - .823  ,143  .094 . 1.000 -
(687)  (678)  (672)  (688)

(700) (700) (700) ° .
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: Table 5 “ |
_Cell and Marginal Frequencies for Total Scale Scores

Grade Boys ™ Girls " Total P ,Q

" s : |
3 o9l 104 195 N o
5 132 o2 244
7 106 o108 211

Total 329 . 321 - . 650 ‘
. : - : A K
. e /7

| i

i -"".§=

30 o .




Marginal Mea s Grade Level

Grade HO cOo.  CU " PU

.

7 8. 512 7.635 7.047 8.341

Marginal Means bx Sex
Sex HO , €O Ccu . PU

Boys 8.264 7.213 7.389 8,252

Girls 8,620 7.626 7.586 8.598

|
‘ Table 6 |
Observed Cell and Marginal Means and Standard Deviations
: of Raw Score: Scales r
; 7
Sex — !
Boya: , Girls [ ‘
Grade HO. | CO , . CU  PU HO - €O . CU  PU
3 . '8.187 '7.000 7.978 8.330 = 8.519 7.846 8.385 8.673
(1.61) (1.65) (1.69) (1.50) (1.59) (1.41) (1.32) (1.46)
5  8.258 !7.106 7.242 8.273  8.652 7.313 7.366 8.598
(1.54) (1,92) (2.00) (1.93) (1.44) (1.71) (1.95) (1.70)
7 8.340 |7 7.528 7.066 8.160 8.686 7.743 7.029 -8.524
- (1.58) ( .51) (1. 95) (2. 18) (1.40) (1.73)
¥ b h _

3 8.364 7,451 8,195 8,513
5 8.439 7.201 7.299 8.422

j (2.24) (1.78) -




X  Table 7 |
Cell ad Marginal Frequencies for The EAP Scores

Grade.

Sex

Boys . Girls | Total

Total

00 BRI 211
w1, 123 264
7 108 - 225
358 2 S 1700




| .
e A

Tébl\ ' _ ‘
Observed Cell and Marginal Means and Standard Deviations :
of The EAP Séores _

Sex . :
| Boys : ' Girls \\\ ‘
' Grade 51 62: 63 _ ' 6{ 62'2"a 6a
3 -.277  .194 -.097 049 401,047
! (0729) (0770).(0717) ‘(0853),(1607) (0731)\
5 - -.171 1,145 ,025 S.010 =017 148 N
{.750) (.865) (.759) (.762) (.831) (.809) \\\
7 .168 -.212 =121 ' - ,290 -,184 ,029 - ~ L
(0674).(0858) (0895) ) . (0706) (.92&)'(.886) n :g
Marginai geans by Gra;e Level o BT o - h :

Grade & 8, s

3 -,106 .303 -.021
5 -.096 -.085 .082
7 - .227 -.198 -.049

Marginal Means by Sex

Sex 8, N PR

Boys -.090 =-.072 -.057
GirlS' '0104 0066. (078‘

I T



Univariate and Multivariate

Table

Analysis

f Variance (Raw Scores)

»
T O

34

B variate . Multivariate
Source DF Dep. SS F p less than F p less than
. Var, ‘ (DF)
Constant HO 46301.840
C0 35756,986
.CU- 36427 ,625
BU  46116.346
Grade, eliminating 2 HO 2,213 .476 6215 239 0001 %%+
Constant , Co 21,666 3,866 .0215*
' ‘ cl 147,095 20,537 ,000] %
PU 2,984 467 ,6273
Sex, eliminating - HO 20.979  9.026 ,0028%
Constant & Grade - co 26,015 . 9,284 ,0025%#
S Cu 3,938 1,100 .2948
PU 19.069  5.966 .0149%
Sex, eliminating HO 20,534 8.834 ,0031%%. 3,762 ,0050%*
Constant co 27.767  9.909 .0018%* * (4,641)
CuU 6.281 1.754 ,1859 N
PU 19.434 6,080 ,0140% AN
Grade, eliminating 2  HO 2,658  ,572 .5648 7.195 0001 %
Sex & Constant Co 19,914 = 3,553 ,0292# (8,1282)
. CU 144,752 20,210 ,0001#* %\
PU 2.619 410 6641 | N
Crade & Sex, HO 118 - ,025 ,9750 .8822 ,5308
eliminating all CO  13.745 2,453 ,0869  (8,1282) .
main effects S cU 5.086  .710 ,4921
- PU .041 .006 ,9937.
Group Means HO 46325.150
R CO- 35818.412
CU 36583,.744
PU 46138,440
Within Groups HO " 1496.850
CO 1804,588
CU  2306.256
PU  2058.560 °
Total HO 47822.000
- CO 37623.000 * 05 >p2 .01
CU 38890,000 S w01 > p 2 001
48197.000 # 001 >p
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“ Table 10
Univariate and Multivariate Analysis of Variance (EAP Scores)
— Univariate Multivariaﬁe
Source DF Dep. SS F p less than plesst
Constant 1 8§ 016
‘ gz , 0015
93' 0056 .
. Grade, eliminating 2 8 16,322 14,321 .0001%** 15,120 .0001%**
Constant 02 30,125 22,482 ,0001# (6,1384)
8y 2,360 1.832 ,1609- -
Sex, eliminating 1 4§, 6.856 12,031 .0006%+* 5,499 ,0010%*
~ Constant & Grade 02 +2+494 3,723 ,0541 (3,692)
83 "-\\-\.g_,g_ls 5.147 ,0236%
Sex, eliminating 1 8 6,54 11,519 ,0008##% 5,563 ,0000%#
Constant B2 o3, 4,976 .0261% (3,692)
| R 3.153  4.895 ,0273%
Grade, eliminating 2 8, 16,614 14,577. ,0001%#* 15,082 ,0001 %
Sex & Constant . 82 29,285 21,856 .0001%%* (6,1384)
6y 2.522 1,958 ,1419 : .
‘Grade & Sex, . 2\ 81 1.277  1.121 .3267 ,5302 ,7857
eliminating all 82 .892 .666 ,5144 (6,1384)
main effects - CE .024 .019 .98 6 o
Group Means 6 81 24,471
: 0z - 33.526.
03 5.755
Within Groups 694 81 395,483
: 82 464 .951
| CH 446,969 :
_ Total 700 8, 419,954 * ,05>p> .01
| 62 498,477 ** 01 >p > .00l
Ch) 452 724 001 > p :
35
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